Female fertility traits are key components of the profitability of beef cattle production. However, these traits are difficult and expensive to measure, particularly under extensive pastoral conditions, and consequently, fertility records are in general scarce and somehow incomplete. Moreover, fertility traits are usually dominated by the effects of herd-year environment, and it is generally assumed that relatively small margins are kept for genetic improvement. New ways of modelling genetic variation in these traits are needed. Inspired in the methodological developments made by Prof. Daniel Gianola and co-workers, we assayed linear (Gaussian), Poisson, probit (threshold), censored Poisson and censored Gaussian models to three different kinds of endpoints, namely calving success (CS), number of days from first calving (CD) and number of failed oestrus (FE). For models involving FE and CS, non-linear models overperformed their linear counterparts. For models derived from CD, linear versions displayed better adjustment than the non-linear counterparts. Non-linear models showed consistently higher estimates of heritability and repeatability in all cases (h 2 < 0.08 and r < 0.13, for linear models; h 2 > 0.23 and r > 0.24, for non-linear models).
heritability, expressed late in life, or both. Furthermore, the binary nature observed in many of these traits often complicates data analysis. Consequently, prediction of genetic merit in reproductive traits of beef cattle has often been constrained by a lack of total-herd data reporting systems (Cammack et al., 2009; Urioste, Misztal, & Bertrand, 2007a,b) .
More appropriate statistical techniques allow a better description and treatment of genetic variation in reproductive traits. The pioneer work of Gianola and Foulley (1983) on threshold models made possible a sound approach on economically relevant traits, often of discrete nature. Additionally, Bayesian methods for categorical data are also potential candidates for analysis of many reproductive traits. Subsequently, Markov chain Monte Carlo (MCMC) methods can be used in Bayesian threshold models for inferring genetic parameters of categorical traits (Sorensen, Andersen, Gianola, & Korsgaard, 1995; Sorensen & Gianola, 2007) .
Poisson models are a reasonable choice for counting responses. Foulley, Gianola, and Im (1987) developed a method for joint analysis of Poisson-Binomial data, with applications in survival and reproductive traits in sheep. Poisson models have also been used for discrete reproductive traits in sheep such as fertility, litter size and ovulation rate (Matos, Thomas, Gianola, Perez-Enciso, & Young, 1997; Matos, Thomas, Gianola, Tempelman, & Young, 1997) . Moreover, Naya et al. (2008) and Peñagaricano, Urioste, Naya, de los Campos, and Gianola (2011) compared, also in sheep, the performance of Poisson and zero-inflated Poisson (ZIP) models for analysis of count traits while introducing the effect of residuals in the predictor. These models have also been applied in pigs (PerezEnciso, Tempelman, & Gianola, 1993) , dairy (e.g., Vazquez, Gianola, Bates, Weigel, & Heringstad, 2009 ) and beef cattle (Ayres et al., 2013) .
Bayesian analyses of reproductive traits in beef cattle using threshold models have been used sparsely Urioste, Chang, Naya, & Gianola, 2007) . Combined analysis of threshold and linear models (Foulley, Gianola, & Thompson, 1983) has also been applied in beef cattle (Urioste et al., 2007a,b) , while censored models have been addressed to handle cows that fail to calve Johnston & Bunter, 1996; Urioste et al., 2007a) .
In this study, inspired in the theoretical developments of Prof. Daniel Gianola and co-workers, we fully characterize the potential of different genetic models to improve beef female fertility traits in extensive pastoral conditions, particularly regarding the inclusion of new endpoints such as failed oestrus or alternative models like censored Gaussian and Poisson. As such, the aim of this work was to compare different endpoints and models to evaluate practical ways to include fertility traits in beef cattle genetic evaluation programmes.
| MATERIALS AND METHODS

| Data
The data for this study were obtained from the Uruguayan Aberdeen Angus Recording System. Pedigree recording is controlled by the Uruguayan Rural Association, where basic controls on reasonable calving intervals are applied.
Records of spring calving cows with a clearly identified first calving between 20 and 44 months of age were selected for this study. Amongst the removed calving records were those that came from cows used as embryo transfer donors or recipients, born in the fall, with a missing sire or birth date or had a calving interval less than 280 days.
In the present field database, conformed by 40 stud herds, 67% of the animals are valuable pedigree cows. Consequently, we assumed all non-pregnant cows stay in the herd despite not calving every year. Thus, we assigned a zero (failure to calve) score in the corresponding year(s) between two identified calvings to those cows which showed no recorded calving in a specific year(s), but appeared in following year(s). Type of mating (artificial insemination [AI] or natural service [NS] ) is not systematically identified in this dataset. Therefore, our approach was to identify AI treatments by the specific service sire registration code of imported semen, with NS including the remaining service bulls. The latter includes a small fraction of national bulls used in AI that cannot be distinguished from the natural service sires by this procedure.
A high genetic correlation between probability of calving to first insemination in artificial insemination and natural service has been reported (Donoghue, Rekaya, Bertrand, & Misztal, 2004) , suggesting it is the same trait; therefore, distinctions were not made between observations of both kinds.
Traditional endpoints in fertility traits include calving success (CS), a binary trait coded 1 for success and 0 for failure, and the more descriptive calving day (CD), represented as the number of days from the beginning of a herd's calving season to the cow's calving date. While CD is a more descriptive endpoint than CS, it does not allow a straightforward way to represent the information of failed cows. Different alternatives to this matter include adding one oestrus cycle to the variable (CD+21d), assuming that these cows would be pregnant in the next oestrus if allowed (Johnston & Bunter, 1996) and treating these records as missing information (CD_NA) or considering CD as right censored and modelling it accordingly.
In addition to the previous endpoints, we propose the total number of failed oestrus until conception (FE), as a new, uncensored, response variable of interest. The aim is to express, in number of oestral cycles (21 days), the time in which a cow is not pregnant, despite being in the breeding season. If calving occurred in the corresponding year (calving success = 1), the days from the first birth of the corresponding herd-year (calving day) are divided by 21 and rounded to the next integer. If the cow is not pregnant, the length of the entire reproductive season (number of days from the first to the last birth in the corresponding herd-year) is accumulated with days not pregnant in the next calving season or until the cow's next calving and then divided by 21 and rounded to the next integer.
A total of 36.793 records were kept for CS and CD endpoints after removal of herd-year-mating (defined as herd by year of calving and AI or NS type of mating) groups with less than five observations, herd-year-mating groups with no calving and breeders with less than three continuous years with at least 30 records. Reproductive traits in different parities were treated as repeated measurements (from a total of 11,768 animals, 7,749 had more than one record). A summary of this dataset is shown in Table 1 and Figure 1 . In regard to FE, a total of 28.699 records were kept after aggregating records without calving success and removing herd-year groups with less than five observations and herd-year groups without calving. Reproductive traits in different parities were also treated as repeated measurements (from a total of 11,718 animals, 7,260 had more than one record).
| Statistical models
Inference was grounded in the theory of generalized linear mixed models (Sorensen & Gianola, 2007) . Non-genetic effects to be included in the final models were decided based on previous work on a similar dataset (Urioste et al., 2007a,b) , previous work by other authors (Gonz alez-Recio, Chang, Gianola, & Weigel, 2005) and exploratory runs of linear mixed models. The following linear predictor was common to all endpoints:
where g is a function of the expected value of the endpoints; b is a vector for fixed effects, including parity (9 levels) and age at first calving for all endpoints, as well as a surrogate for physiological condition (zero heifer, one cow with calf during breeding season, two cow without calf during breeding season) for CS, CD, CD+21d and CD_NA models; a is the vector of additive genetic effects; hym is the herd-year-mating group effect; pe is the vector of permanent environmental effects; and X, Z 1 , Z 2 and W are incidence matrices relating data to the corresponding effects.
Random effects were assumed to follow a multivariate normal distribution, pe are the additive, herd-year-mating and permanent environmental effects variances, respectively; A is the additive relationship matrix (23,616 9 23,616 for CS, CD, CD+21d and CD_NA models; 23,562 9 23,562 for FE models); I are identity matrices of the corresponding dimensions for the different effects (FE models in parenthesis): 836 (795) for hym and 11,782 (11,732) for pe. All previous random effects were assumed to be independent of residuals for all models considered.
In exploratory runs, the introduction of service sire effect was considered (Gonz alez-Recio et al., 2005); however, a substantial fraction of the bulls sired just one or two hym groups (more than 40% of the observations), making very difficult to identify both effects and slowing the inference process. For this reason, we discarded the service sire effect and kept hym that seems more relevant to capture management effects.
As shown in Table 2 , linear (Gaussian), Poisson, probit (threshold), censored Poisson and censored Gaussian link functions were used to model the different endpoints. According to this table, models were named following the convention: endpoint, dot, link function (L = linear, P = Poisson, CG = censored Gaussian, CP = censored Poisson). Although the last three rows of the table show different endpoints, they represent different ways to express the same underlying variable, conceptually representing the number of days that take a particular cow to become pregnant.
| Linear models
Linear mixed models were used to evaluate the response variables FE, CS, CD+21d and CD_NA. These models were obtained by adding a Gaussian residual to the linear predictor g, that is, y ¼ g þ e, where y is the vector of outcomes of interest and e is a vector of independent and identically distributed Gaussian random variables with mean zero and variance r 2 e . The likelihood function for each of these response variables is:
| Poisson models
Mixed Poisson models were used to evaluate the response variables CS, CD+21d and CD_NA. These models assume that these count variables, given the fixed and random effects, followed a Poisson distribution with parameter k, where logðkÞ ¼ g þ e, and e is a vector of independent and identically distributed normal variables. Note that the introduction of a residual at the level of the regression allows modelling individual differences and accommodates overdispersion. The likelihood function for each of these count variables is:
where t and k are vectors of counting outcomes and parameters for the Poisson model, respectively.
| Probit model
The probit or threshold model (Gianola, 1982; ) was used to assess the response variable CS. This model describes the observable response variable using an underlying linear model, l ¼ g þ e, where e is considered a vector of independent and identically distributed standard T A B L E 2 Names for the endpoints and models compared. The endpoints were as described in the text, number of Failed Estrous (FE), pregnancy Calving-Success (CS), and three different ways to model the number of days from the first calving in the corresponding Herd-Year group (CD, CD+21d and CD_NA). Type refers to the kind of variables corresponding to the endpoints considered
normal random variables. In this context, the response variable is CS = 1 if the underlying variable (liability) l is greater than zero. Therefore, the conditional probability of the success or failure is Prob CS ¼ 1jg ð Þ¼UðgÞ where U Á ð Þ is the standard normal cumulative distribution function. The likelihood function then becomes:
where CS and g are the vectors of the binary (response) variables and the linear predictors, respectively.
| Censored Poisson models
For some observations (outcomes) in the dataset, the value of y i may be censored. Let y Oi denote the observed value of y i , so if no censoring occurs, then y i ¼ y Oi . However, if censoring does occur, then y i ! y Oi and the probability that y i ! y Oi can be written as:
If the sample contains censored and uncensored values of the response variable, then the likelihood function is a product of density functions. This likelihood function can be written using a dichotomous variable d i defined such that
In this event, the likelihood function of a censored Poisson regression model is given by (Caudill & Mixon, 1995) :
Oi ! is the probability function of a Poisson random variable.
| Censored Gaussian models
When censoring occurs, the data vector (i.e., the response variable of interest) can be written as y 0 ¼ y 0 0 ; c 0 ½ where y 0 is an M-dimensional vector of uncensored observations and c is an N À M ð Þ -dimensional vector of known censoring points, i.e., it is known that y j [ c j for any j ! M: Here, the density of the conditional distribution has the following form (Carriquiry, Gianola, & Fernando, 1987; Sorensen, Gianola, & Korsgaard, 1998) :
2.8 | Implementation
For all models, samples were obtained using the MCMCglmm package (Hadfield 2010) 
| Model evaluation
Heritability (h 2 ) and repeatability (r) were computed using the standard formulas, with phenotypic variance defined as r
e . Both h 2 and r were evaluated in the observable scale in the linear and censored Gaussian models, while being evaluated in the log-scale in the Poisson and Poisson censored models and at the liability scale (with r 2 e ¼ 1) for the probit model.
Goodness of fit of each of the models was assessed by computing the mean-squared error statistic (MSE). Model comparison also involved assessing Spearman's rank correlations between the predictions of random effects. The predictive ability of each of the models was assessed using fivefold cross-validation using the mean-squared prediction error (MSEP) as loss function. The correlation between observed and fitted values (COR) in the testing set was also calculated.
| Genetic change in sires
The historical trend of sires breeding values across years was analysed to see whether breeders are working in the right direction when planning the breeding season. For this purpose, the linear model a ss ¼ l þ year þ e was adjusted. In this model, l is a fixed intercept, a ss is the vector of EBVs of the service sires (with repeated measures), and e is a vector of independent and identically distributed Gaussian random variables with mean zero and variance r 2 e .
| Comparison of predicted EBVs
The commonality between models in selecting the 10% of best sires was explored. For each model, the top ranking 10% of sires (115) was selected and a presence-absence matrix of #sires x #models (342 9 10) was built. From these data, a hierarchical clustering was performed using complete linkage method.
| RESULTS AND DISCUSSION
| Descriptive statistics
Our database represents reproductive features of Aberdeen Angus stud herds in Uruguay, under extensive recording conditions. As it can be seen in Table 1 and Figure 1 , culling percentage is important at every parity, around 36% for parity 1-4, increasing sharply after that, with values between 43% and 69%. However, it is important to note that in this context, the term culling refers to not observe the cow in later instances; this could be due to missing records.
Calving days greatly vary amongst parities, with better records for first parity (median of 31 days) and worst records for second parity (median of 60 days). After the very particular physiological effects of the second parity, calving days recover a bit of performance (48 days at third parity) to slowly worsening across the remaining productive life of the cows. Pregnancy rate, excluding records from first and last parity (100% by definition), varies between 60% for second parity and more than 70% for the others.
Percentage of calves from artificial insemination (AI%), as defined in the present study, also greatly vary amongst parities, with the maximum in first parity (47.7%), the minimum in the second parity (15.7%) and general database value of 28.9%.
| Model comparison (goodness of fit)
The results of model comparisons are summarized in Table 3 . All models displayed reasonable and comparable values of COR, ranging from 0.604 (CS.L) to 0.763 (CDNA.L).
Non-linear models overperformed linear models for FE and CS, but the situation was reverted for CD-derived endpoints. In particular, contrary to other studies (e.g., Abdollahi-Arpanahi, Peñagaricano, Aliloo, Ghiasi, & Urioste, 2013) , probit model overperformed linear model for calving success.
| Estimates of genetic parameters
Estimates of posterior mean and highest probability density intervals for heritability and repeatability of the different models are shown in Table 3 . Interestingly, while several models show very low to low heritability estimates, as expected for fertility traits, the non-linear models displayed moderate values (h 2 >0.20) in the underlying scale for each endpoint. While these values seem to be relatively high estimates, they do not differ significantly from previous findings in the same database, for equivalent endpoints (Urioste et al., 2007a) . For endpoints FE and CS, this can be partially addressed by the big differences in the proportion of total variance accounted for by the hym effect (Table 3) ; the relatively low proportion of hym in linear models likely expressed something important about the non-Gaussianity of this effect and the difficulty to remove from error variance. However, in all the models derived from calving days (CD, CD+21d, CD_NA), differences in the proportion of the total variance accounted for hym were relatively small. Another significant parameter for animal breeding is repeatability, which is directly associated with the accuracy of EBV's estimates and of fundamental importance in culling strategies. In all cases, repeatability followed the trend observed in heritability, i.e., greater estimates for non-linear models (Table 3) . While linear models overperformed non-linear models in terms of goodness-of-fit for CD derivatives, this advantage should be balanced by the large differences in heritability and repeatability estimates favouring non-linear models.
| Predictive ability in cross-validation
Given the differences in the likelihood functions of the compared models, typical statistics for model selection (AIC, BIC or DIC) cannot be used. Therefore, model comparisons were performed based on the posterior predictive ability (PPA) on fivefold cross-validations, measured by MSEP and the correlation between posterior prediction and observed values of the endpoints (Table 4) . While cross-validation could suffer from bias and difficulties with the computational burden (Gianola & Sch€ on, 2016; Rao, Fung, & Rosales, 2008) , it is a common strategy to evaluate models with different likelihood functions using smallto medium-sized databases. In all cases, MSEP behaviour resembles the goodness-of-fit statistics for the full models. Relatively high correlations between predictions and observed values suggest good performance as new data arrive. Except for CS, all models displayed correlations greater than 0.74.
| Prediction of random effects
The Spearman rank correlations between random effect predictions (animal and permanent environmental effects) across models are displayed in Table 5 . An important question that arises is whether the prediction of breeding values from these alternative models yields different selection decisions. Interestingly, the predictions of sires' breeding values for linear and non-linear models were highly correlated for FE (0.931) and CS (0.941), showing that both kind of models yield almost the same sire ranking for these traits. For calving day models, the correlations between linear and non-linear models within endpoint for the random effects were moderate to high, ranging from 0.789 to 0.874. Predictions of sires' breeding values between CD and CD+21d were highly correlated for the same distributional family (0.983 for Gaussian and 0.974 for Poisson). Predictions for calving success were negatively correlated across response variables related to failed oestrus and calving day, which is expected in reason of the definition of CS (0 = failure, 1 = success). Additionally, positive and moderate to high correlations were obtained between random effects for traits related to FE and CD. It is worth noting that these empirical correlations amongst breeding values can be considered good indicators of genetic correlations.
While selection criteria for female fertility traits are not explicitly included in the Uruguayan Aberdeen Angus breeding programme, it is interesting to analyse the (sire) genetic trend in the different traits of interest achieved in the last 20 years (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) . As can be seen in Table 6 , all the regression coefficients for the effect of year were
) and repeatability (r) are given, with the corresponding values of the posterior highest probability density interval (95%, in parenthesis). Cells with a star correspond to the best models for each endpoint favourable, increasing for CS and decreasing for all other endpoints. All coefficients, except for FE.L, were highly significant, thus confirming the idea that although not expressly included in breeding plans, breeders are applying selection in sires in the right direction.
| General discussion
Records for fertility traits under extensive pastoral conditions (such as our database) are far from perfect, only recording the information of service sire and date of birth of the calf in the event that the cow became pregnant. As failure to calve is not specifically registered yet, this variable was defined by a missing calving date. Additionally, given that artificial insemination is far from being a widely adopted strategy in this productive system, the number of attempts made for conception is not expressly registered and can be inferred through several assumptions. This work, following previous studies (Johnston & Bunter, 1996; Urioste et al., 2007a) , considers the number of days to calve from the first calving of identical management group (CD) as a surrogate variable representing the difficulty to become pregnant. Obviously, this surrogate variable depends in an accurate way to describe "identical" management conditions, in addition to the missing information for non-pregnant cows and cows without similar management groups. Despite all the aforementioned difficulties, due to a lack of total-herd data reporting, and in agreement with previous studies using this database (Urioste, Chang, et al., 2007; Urioste et al., 2007a,b) , we considered that the existing records were highly informative for animal breeding purposes and tried to improve the genetic tools available, including new endpoints and models. Given the previously defined endpoints, new and classical models to accommodate the genetics and environmental effects were assayed. In order to help with model selection, results from classical linear mixed models to more elaborated versions (probit, Poisson and right censored versions of Gaussian and Poisson) were contrasted, thus balancing computational complexity with animal improvement possibilities. While sires' EBVs were favourably correlated amongst models and endpoints, the correlations are far from perfect. This indicates a big difference in the implications of selection grounded in each one. In particular, CS is doubtlessly the simplest endpoint to record and, following Gianola and Foulley (1983) , can be easily modelled via threshold models. Under extensive conditions with no AI at all, this model can be an attractive alternative because NS does not incur in additional costs for failed oestrus.
T A B L E 6 Linear trend of EBVs regressed in years (between 1995 and 2014 In general terms, EBVs from different models were correlated in the favourable direction, in spite of large differences in correlation strength (Table 5 , above diagonal). EBV correlations between models with identical endpoints were notably high for FE (linear versus Poisson) and CS (linear versus probit), conveying the idea that simpler and practical implementable models could allow selection in the right direction. However, goodness-of-fit statistics and genetic parameters estimates (heritability and repeatability) strongly favoured non-linear models in both cases (Table 3) . Therefore, these comparisons deserve more attention in future studies.
For CD derivatives, it was interesting to observe how EBV correlations between models with different endpoints (CD and CD+21d) were particularly high for linear and Poisson models with its corresponding right censored versions (CD21.L versus CD.CG and CD21.P versus CD.CP). As CD+21d is a very straightforward way to fill missing information (consisting of adding 21 days to the maximum number of days of the corresponding herd-year group), these very high EBV's correlations with equivalent censored versions could help avoid fitting more complex and computationally expensive models. It is worth mentioning that a similar picture to the sire's additive effects is observed for the random permanent effects in cows (Table 5 , below diagonal), suggesting that the random effects of interest are estimated consistently across models and endpoints.
According to goodness-of-fit statistics, all linear models involving calving day endpoints overperformed the corresponding non-linear versions, while genetic parameter estimates were significantly higher for the non-linear versions in all cases. (Table 3) . In some cases, the posterior correlations were nearly identical (CD21.L versus CD21.P and CDNA.L versus CDNA.P), favouring the idea that MSE was influenced by extreme outliers (data not shown). Due to this fact, it is not immediate to recommend the usage of the simpler-to-implement linear versions for these endpoints, a subject which deserves more research in the future.
To assess the importance of endpoints and distributions in the relative merit of selected animals, we compared the best animals for each model (Figure 2) . The clustering essentially divided the model-endpoints space in three big groups, each corresponding to endpoints FE, CS and all models involving CD derivatives. Interestingly, the group involving CD derivatives (right side of Figure 2) showed the first split according to the distribution family (linear or Poisson) and just after then according to endpoints (CD and CD+21d clustering tightly). The clustering of best sires allowed us to confirm that in regard to the selected animals, endpoints (FE, CS and CD) are the main source of variation. The consequences of selecting for the different endpoints are yet unknown to us and deserve future research.
Finally, our study can be summarized by three practical observations: (i) correlations between EBVs predicted from different models were favourable and very high, (ii) linear models, easy to implement, performed very well for CD endpoints, and (iii) important differences in the ranking of the 10% best sires were observed between different endpoints.
| CONCLUSIONS
In the present work, both new and existing endpoints to improve female fertility traits in beef cattle were analysed through linear and non-linear models. Three different kinds of endpoints were compared: calving success (CS), number of days from first calving (CD) and number of failed oestrus (FE). For models involving FE and CS, non-linear models overperformed their linear counterparts. While in models derived from CD, linear versions displayed better adjustment than the non-linear counterparts (particularly MSE). However, non-linear models showed higher estimates of both heritability and repeatability for all accounts. Although additive and permanent environment effects showed favourable correlations between all models, relevant differences were seen in the ranking of the best sires across endpoints. The ramifications of such differences deserve further studies. Height F I G U R E 2 Clustering of models according to the commonality of the 10% best sires (115) of each model. Height of the nodes corresponds to differences in the number of common sires between models. Traits calving success (CS), number of days from first calving (CD) and number of failed oestrus (FE) were analysed using either linear (L), probit (Pr), Poisson (P), censored Gaussian (CG) or censored Poisson (CP) models
